Efforts have been devoted to the identification of the impacts of occupant behavior on building energy consumption. Various factors influence building energy consumption at the same time, leading to the lack of precision when identifying the individual effects of occupant behavior. This paper reports the development of a new methodology for examining the influences of occupant behavior on building energy consumption; the method is based on a basic data mining technique (cluster analysis). To deal with data inconsistencies, min-max normalization is performed as a data preprocessing step before clustering. Grey relational grades, a measure of relevancy between two factors, are used as weighted coefficients of different attributes in cluster analysis. To demonstrate the applicability of the proposed method, the method was applied to a set of residential buildings' measurement data. The results show that the method facilitates the evaluation of building energy-saving potential by improving the behavior of building occupants, and provides multifaceted insights into building energy end-use patterns associated with the occupant behavior. The results obtained could help prioritize efforts at modification of occupant behavior in order to reduce building energy consumption, and help improve modeling of occupant behavior in numerical simulation.
Introduction
The identification of major determinants of building energy consumption, together with a thorough understanding of the impacts of the identified determinants on energy consumption patterns, could assist in achieving the goal of improving building energy performance and reducing greenhouse gas emissions due to the building energy consumption. In general, the factor influencing the total building energy consumption can be divided into seven categories: (1) Climate (e.g., outdoor air temperature, solar radiation, wind velocity, etc.), (2) Building-related characteristics (e.g., type, area, orientation, etc.) (3) User-related characteristics, except for social and economic factors (e.g., user presence, etc.), (4) Building services systems and operation (e.g., space cooling/heating, hot water supplying, etc.), (5) Building occupants' behavior and activities, (6) Social and economic factors (e.g., degree of education, energy cost, etc.), and (7) Indoor environmental quality required.
Among these seven factors, social and economic factors will partly determine the occupant attitude toward energy consumption, and building occupants will embody such impact on their daily activities and behavior, thereby influencing building energy consumption. At the same time, indoor environment quality could be regarded as being basically decided by building occupants, thereby influencing building energy consumption. In essence, these two categories of factors which represent occupants' influences affect building energy consumption indirectly. Therefore, their influences on building energy consumption are already contained within the effects of occupant behavior, and there is no need to take them into consideration when identifying the effects of influencing factors.
The separate and combined influences of the first four factors on building energy consumption can be identified via simulation. With a variety of parameter settings, current simulation software is robust in respect to simulating different situations based upon these four factors. However, it is difficult to completely identify the influences of occupant behavior and activities through simulation due to users' behavior diversity and complexity; current simulation tools can only imitate behavior patterns in a rigid way. In recent years several models have been established to integrate the influence of building occupant behavior into building simulation programs [1] [2] [3] [4] . However, these models focus only on typical activities such as the control of sun-shading devices, while realistic building user-behavior patterns are more complicated.
A number of studies [5] [6] [7] suggest that, in order to obtain the full effects of user behavior, one possible approach is to extract corresponding useful information from real measured data, since such data already contains the full effects. For example, Yu et al [7] proposed a decision tree method for building energy demand modeling, and applied this method to the historical data on Japanese residential buildings. The generated model has a flowchart-like tree structure, enabling users to quickly extract useful information on the influence factors of building energy consumption. Such model along with derived information could benefit the improvement of building energy performance greatly. Generally, the previous studies on the effects of occupant behavior can be divided into two categories. The first category focuses on the effects of building user presence on building energy consumption. For example, Emery and Kippenhan [8] reported a survey on the effects of occupant presence upon home energy usage in four nearly identical houses. The four houses were divided into two pairs, and the building envelope of one pair was constructed with improved thermal resistance. One of each pair of houses was left unoccupied, while the other was occupied by university student families. Researchers compared the first heating season's (1987-88) total energy consumption of the occupied and unoccupied houses (i.e., the sum of heating, lighting, and appliances). They found that the presence of occupants increased the total energy consumption of both occupied houses, and the house with the improved building envelope had a smaller increase. The second category focuses on the effects of actions occupants took to influence energy consumption. For example, Ouyang and Hokao [9] investigated energy-saving potential by improving user behavior in 124 households in China. In this study, these houses were divided into two groups: one was educated to promote energy-conscious behavior and put corresponding energy-saving measures into effect in July 2008, while the other was required to keep behavior intact. Comparisons were made between monthly household electricity uses in July 2007 and July 2008 for both groups. Researchers found that, on the average, effective promotion of energy-conscious behavior could reduce household electricity consumption by more than 10%. Evidently, comparative analyses on measured data were conducted in these studies to identify the effects of user behavior. However, the limitations of this method are significant. First, apart from user behavior, the other four influencing factors also contribute to the variation in building energy consumption simultaneously, while this method is unable to adequately remove the effects of those four factors and identify the influences of occupant behavior. Although in these studies some measures were implemented to remove the impact of those factors, such as using nearly identical housing characteristics and taking energy data in other years with similar climatic conditions as a reference, the effects of these measures are questionable since even a slight difference in some building parameters (e.g., heat loss coefficient) and weather parameters (e.g., annual average outdoor air temperature) would result in remarkable fluctuations in the building energy consumption. Second, in real building databases, buildings are usually described by a mixture of variable types such as numerical variable, categorical variable (e.g., residential building types are divided into detached and apartment), and ordinal variable (e.g., buildings are rated as platinum, gold, and silver). Such data of mixed variable types is difficult to process by statistical methods that are normally utilized in comparative analyses. This also adds the difficulty of distinguishing between building-related effects and user-related effects. Third, with regard to comparative analyses, buildings are usually classified into different groups to simplify research. Such classification is commonly based on building-related Moreover, buildings are commonly represented by various typical parameters at the same time, such as building age and floor area. All these parameters may be divided into different levels, such as low and high, for simplicity. In order to perform a comprehensive investigation, the sample size (i.e. number of buildings) necessary for research should be determined by the combination of different levels of all parameters. For example, suppose seven typical parameters are selected for representation and each are stratified into 3 levels (e.g. small, medium, and large). In terms of combinatorial theory, it can be calculated that at least 3 7 = 2187 buildings should be investigated for comparison, which may be quite impractical.
The main purpose of this paper is to develop a methodology for identifying the effects of occupant behavior on the building energy consumption through data analysis, thereby evaluating the energy saving potential by improving user behavior and providing deep insights into the building energy consumption patterns.
This paper is organized as follows: Section 2 introduces the proposed methodology. Section 3 describes the results of applying this method to a set of field measurement data and discusses the related work. Section 4 concludes the paper.
Methodology
A new methodology is proposed for examining the effects of occupant behavior on the building energy consumption. Basically, it is realized by organizing similar buildings among all the investigated buildings into various groups based on the four influencing factors unrelated to user behavior, so that for each building in the same group the four factors have similar effects on the building energy consumption. Accordingly, the effects of occupant behavior on the building energy consumption can be identified accurately in these groups. Further, provided there is a sufficient building sample size and subject buildings have a large divergence in the four influencing factors, implying that the full effects of the four factors in each group can be similar enough and the energy consumption difference caused by them is comparatively small, energy consumption difference between buildings in each group could be thought of as being caused only by occupant behavior. It is obvious that the identification of building groups is the most important element of this methodology. Such identification is achieved mainly via cluster analysis.
Cluster analysis
Cluster analysis is the process of grouping the observations into classes or clusters so that objects in the same cluster have high similarity, while objects in different clusters have low similarity. Fig. 1 The data table consists of m attributes and n instances. Each attribute represents a variable and each instance denotes a building. All the instances are grouped into w clusters. Accordingly, these w clusters are homogeneous internally and heterogeneous between different clusters [10] . Such internal cohesion and external separation are based upon the m attributes as well as their influences; it implies that these attributes have the most similar holistic effects on the building energy performance of the same cluster buildings, while the effects are significantly distinct for the buildings in different clusters. Therefore, the separate effects of occupant behavior on the building energy consumption can be identified more precisely based on cluster analysis and the four influencing factors unrelated to the occupant behavior. Note that these four influencing factors are represented by corresponding parameters selected from an existing database.
Before conducting cluster analysis, some preprocessing steps are needed in order to deal with the inconsistencies of different attributes. For example, most of the energy-related attributes have their own units. Switching attribute units from one to another may significantly change the attribute values, thereby impacting the quality and accuracy of clusters. Therefore, data transformation techniques should be applied in order to help avoid dependence on the selection of attribute units. Also, data transformation can help prevent attributes with large ranges from outweighing those with comparatively smaller ranges. At the same time, the contribution of different attributes to the building energy consumption may differ considerably; thus, after data normalization, each attribute should be associated with a weight that reflects its significance. Grey relational analysis will be used to identify such weights. The procedure of data transformation and grey relational analysis will be introduced in Sections 2.2 and 2.3, respectively.
The dissimilarity between observations in the database is calculated using the distance between them in the cluster analysis. In this study, the most popular distance measure, Euclidean distance, is used [10] :
where k = (x k1 , x k2 , …, x kn ) and l = (x l1 , x l2 , …, x ln ) are buildings. x k1 , …, x kn are n parameters of k and x l1 , …, x ln are n parameters of l.
Commonly used clustering algorithms include K-means, K-medoids, and CLARANS [10] . In this study, we employ the K-means, along with open-source data mining software WEKA [11] , to perform cluster analysis, due to its high efficiency and wide applicability. The K-means algorithm is one of the simplest partition methods to solve clustering problem. Given a dataset (D) containing w objects, the K-means algorithm aims to partition these w objects into k clusters with two restraints: 1) the center of each cluster is the mean position of all objects in that cluster, 2) each object has been assigned to the cluster with the closest center. This algorithm consists of given steps: 1) Randomly select k observations from D as the initial cluster centers, 2) Calculate the distance between each remaining observation and each initially chosen center, 3) Assign each remaining observation to the cluster with the closest center, 4) Recalculate the mean values, i.e., the cluster centers, of the new clusters, and 5) Repeat Steps 2 to 4 until the algorithm converges, meaning that the cluster centers do not change. It should be mentioned that K-means is quite sensitive to initial cluster centers. Therefore, different values should be tried so as to obtain the minimum sum of the distances within a cluster. At the same time, the number of clusters should be specified in advance.
Data transformation
As mentioned previously, data transformation has been applied in order to deal with the inconsistencies in measured dataset. Specifically, min-max normalization [10] is performed to scale the values so that they fall within a predetermined range. The main advantage of min-max normalization lies in its ability to reserve the relationships between the initial data since it carries out a linear normalization. Assume that x max and x min are the original maximum and minimum values of a numerical attribute. By min-max normalization, a value, x, of this attribute can be transformed to x' in the new specified range [x' min , x' max ] by calculating
In this study, the new range is defined as 
Grey relational analysis
Based on geometrical mathematics, grey relational analysis (GRA) has been proposed in order to find grey relational grades and a grey relational order (i.e. the rank of grey relational grades) that can be used to describe primary trend relationships between related factors, and to identify the important factors that significantly influence predefined target factors [12] . For example, if the building energy consumption is defined as the target factor, GRA can provide grey relational grades for its various influencing factors, such as outdoor air temperature and floor area. These grey relational grades are numerical measures of the impact of the influencing factors on the total building energy consumption. The larger the grey relational grades are, the more significant impacts the influencing factors have. In comparison with other similar multi-factorial analysis methods such as regression analysis and principal component analysis, the main advantages of GRA are its comparative simplicity and the ability to deal with small data sets that do not have typical probability distributions. Let y 0 be the objective sequence (measured data of target factor, such as the building energy consumption) and y i be the compared sequences (measured data of related factors, such as various influencing factors of building energy consumption):
The procedure of GRA is described as follows:
Step 1: Normalization of raw data (Min-max normalization is used in this study), y 0 and y i are used to denote obtained normalized sequences;
Step 2: Calculate grey relational coefficients ζ. ζ i (k) between y 0 and y i is defined as where α is distinguishing coefficient and 0<α<1, normally α = 0.5;
Step 3: Calculate grey relational grade γ
Step 4: Rank the obtained grey relational grades; thus, grey relational order can be identified.
As mentioned previously, grey relational grade will be employed to be weighted coefficients of corresponding attributes in cluster analysis. Note that grey relational grades range from 0 to 1. Generally, r > 0.9 indicates a marked influence, r > 0.8 indicates a relatively marked influence, r > 0.7 indicates a noticeable influence, and r < 0.6 indicates a negligible influence [13] . Table 1 shows the survey items and corresponding investigation methods. Fig. 2 shows measuring instruments which were used to monitor temperature and consumptions of electricity, gas, and/or kerosene. Scrutinizing the data from the 80 buildings, researchers found that only 67 sets were complete, while 13 had missing values of energy consumption data. Data reduction and aggregation was then performed to obtain a smaller representation of the original data. For example, diverse energy unit of different kinds of primary energy sources used by the various buildings, including electricity, natural gas, and kerosene, was converted to MJ based on conversion coefficients in Table 2 so they could be added directly. Then, readings of each end-use load at different intervals (e.g., 1 or 5 minutes) were averaged over each month. The resulting data was stored in a database. 
Selection of typical parameters
The main parameters that could generally represent the four influencing factors unrelated to the occupant behavior should be identified before the cluster analysis. Based on the characteristics of residential buildings in Japan, twelve representative parameters of the four influencing factors were captured from the database and are outlined in Table 3 : 
Results and discussion

Grey relational grades
The ultimate goal of this study is to identify the influences of the occupant behavior on the building energy consumption. Therefore, annual building energy use intensity (EUI) in 2003 was selected as the objective sequence in GRA, and accordingly, there is no need to consider the building area independently. Among the remaining eleven parameters, four weather parameters are time-series variables that can be viewed as a function of time. In order to take both the impact of season and regional climate difference into consideration, grey relational grades were first calculated for each building based on monthly building EUI and local monthly weather parameters [15] ; then, an average was taken over grey relational grades in each district. For the other seven parameters, considering the size of database, grey relational grades were calculated on all the buildings.
The results of GRA are given in Table 4 . It can be seen that, with respect to weather parameters, generally outdoor air temperature influenced EUI more significantly than the other three parameters, especially in the cold districts, i.e. Hokkaido and Tohoku. At the same time, the number of occupants and the heat loss coefficient had noticeable impact on the building energy performance, since the grey relational grades of these two parameters are between 0.7 and 0.8. This implies that these two parameters deserve more attention in the building design phase. 
Cluster analysis
After data preprocessing and the calculation of the grey relational grades, i.e. weighted coefficients of the selected parameters in Table 3 , cluster analysis was conducted using the open-source data mining software WEKA. The results of cluster analysis are given in Table 5 . With the consideration of the size of the database, four clusters were determined by the K-means algorithms based on Euclidean distance measures. Cluster centroids, which represent the mean value for each dimension, were used to characterize the clusters. For example, it can be seen that cluster 1, in comparison with the other clusters, is a segment of buildings representing a high outdoor air temperature (the cluster centroid of T in this cluster is 0.609, which is higher than that in the other three clusters), detached houses (the cluster centroid of HT in this cluster is 0, indicating that all the buildings in this cluster are detached house), high heat loss coefficients, low equivalent leakage areas, small number of occupants, non-electrical hot water supplies and kitchen equipment, etc. Similarly, the other clusters can be explained as follows: cluster 2 can be mainly characterized as high solar radiation, large number of occupants, electrical space heating and cooling, and electrical kitchen equipment. Cluster 3 is a segment of buildings representing a low outdoor air temperature, low heat loss coefficients, high equivalent leakage area, and non-electrical hot water supplies. Cluster 4 can be mainly characterized as high outdoor relative humidity, non-electrical space heating and cooling, and electrical kitchen equipment. In addition, the centroid of all the data is also given for comparison with the cluster centroids, as shown in Full Data column in Table 5 . The internal cohesion and external separation for the clusters based upon the eleven attributes imply that these attributes have the most similar holistic effects on the building energy performance in the same cluster, while the effects are significantly distinct for the buildings in different clusters. 
Effects of occupant behavior 3.2.3.1 End-use load shapes
After the generation of four clusters, different end-use loads of various buildings in each cluster were averaged over one year. Fig. 3 shows the average annual EUI of different end-use loads for each cluster. The proportion of each end-use load to the whole is also given above the corresponding bar. As shown in Fig. 3 , hot water supply and HVAC form the two largest categories of end-use loads in terms of average annual EUI in all four clusters, while housework and sanitary and 'others' have a modest contribution. Also, the two largest loads far exceed the other six end-use loads that do not have significant variations in the proportion among most of the clusters. This indicates that occupants in different clusters had similar behavior. Moreover, the proportions of both hot water supply and HVAC remain approximately steady among these clusters, except that there is a noticeable increase in the HVAC proportion in Cluster 4, which is mainly characterized by medium-low outdoor air temperature and non-electrical space heating equipment. This increase may be partly caused by two factors: 1) the high electricity rate in Japan, and 2) the high efficiency of non-electrical space heating devices such as kerosene space heaters. A high electricity rate tends to restrict occupants' usage of electrical heating/cooling equipment in the other three clusters, while high efficiency of non-electrical space heating devices encourages occupants' utilization of them in Cluster 4, thereby increasing energy consumption. Therefore, a rational combination of electricity rates and primary heating/cooling sources could help reduce building energy consumption through influencing occupant behavior. 
Variability in annual EUI of different end-use loads induced by occupant behavior
In order to examine the variability in annual EUI of different end-use loads that is caused by the occupant behavior, the end-use loads in each cluster were normalized and plotted. Fig. 4 depicts a box plot of normalized annual EUI of different end-use loads. The annual EUI of each building is normalized by the mean value of all the buildings in that cluster, thus highlighting the variability and allowing all the end-use loads to be plotted together on the same scale. As shown in Fig. 4 , a large variability that ranges from close to zero to about four times upon the mean value is induced by the user behavior. Since the end-use loads in each building is normalized by the mean value of all the buildings in that cluster, the value of end-use loads ranges from zero to twice as many as the mean value was considered to be an insignificant variation. Accordingly, the threshold value for significant variation is defined as 2 (illustrated by the dash line). Except for HWS and REF, the range of the other six end-use loads exceeds the threshold value in most of the clusters. Such high variability implies that there still remains great potential for energy saving by improving occupant behavior related to these six domestic end-use loads. Contrarily, considering the relatively narrow range of HWS and REF, there could be little expectation of reducing energy consumption in these areas via improving occupant behavior. 
Reference building and energy-saving potential
In order to evaluate energy-saving potential for the four clusters, the reference building for each cluster was first defined. The characterization of the reference building was carried out by identifying the building with the energy consumption closest to the cluster energy consumption centroid in terms of Euclidean distance and end-use loads. The annual EUI of different end-use loads of a reference building for each cluster is given in Table 6 . Occupant behavior led to a huge difference between these three different buildings in each cluster. In this study, annual EUI of different end-use loads of a reference building was taken as a baseline. Accordingly, the energy-saving potential of a building with a larger annual EUI than that of a reference building could be determined by computing the difference between them. For example, the potential energy savings that could be achieved by improving occupant behavior for the buildings with the maximum annual EUI in the four clusters, i.e. annual EUI and the reference building in each cluster indicated that HVAC contributed the most towards energy saving, while HWS had a negligible contribution. This result is consistent with the conclusion drawn from Fig. 3 . Similarly, other end-uses loads with noticeable energy-saving potential in each cluster could be identified, such as housework and sanitary in Cluster 1 and lighting in Cluster 4. Such information can help building owners realize that which occupant behavior should be modified in practice to effectively improve building energy performance. Further, based on this information, a better effect may be achieved if building occupants receive an energy-saving education and tips on how to improve their behavior. It should be noted that, in comparison with a reference building, buildings with the minimum annual EUI in the four clusters not only had lower HVAC EUI, but also had much smaller HWS EUI. A possible explanation for this is that occupants in these buildings reduced energy consumption by being concerned about the cost in living standards. For example, these occupants may decrease the frequency of utilization of room air conditioners in the cooling season, even though the indoor temperature is not the best comfort temperature. Further field investigation is needed to identify the real reasons.
Monthly variations of end-use loads induced by occupant behavior
In order to examine the effects of occupant behavior on end-use loads over time and buildings, monthly variations of average end-use loads in each cluster were plotted in semi-logarithmical graphs, as shown in Fig. 6 to 9. Clearly HVAC shows a significant variation in all the four clusters. Generally, the peak of HVAC occurred in the heating season, especially in December and January, while the trough of HVAC occurred in the cooling season, especially June and July. This may have occurred because four districts (i.e., Hokuriku, Kanto, Kansai, and Kyushu) have a moderate climate and the other two (Hokkaido, Tohoku) are located in a cold climate, and cooling energy demand is considerably lower than heating energy demand. At the same time, HVAC in Cluster 3, characterized by the lowest outdoor air temperature, had the biggest peak-to-trough ratio. This indicates that weather conditions significantly influenced occupant behavior, thereby impacting building energy consumption. With respect to HWS, its variation is noticeable, considering the absolute magnitude of the variation is comparatively large. In general, the peak of HWS occurred in December or January, while the trough occurred in August or September. Evidently this was also caused by weather conditions, especially outdoor air temperature. With regard to LIGHT, KITC, REF, and A&I, these four curves bear a remarkable similarity to each other in the four clusters, and almost all of them vary by less than 20% from the mean. This indicates that these households tended to maintain their lifestyles, and the level of their general indoor activities associated with these end-use loads did not fluctuate wildly from month to month. In addition, the remaining two smaller end-use loads, i.e., HOUSE and OTHER, showed a marked seasonal variation in the four clusters, while the absolute magnitude of the variation is comparatively small. Basically the end-use loads in a heating season are higher than in a cooling season. A further investigation of corresponding occupant-behavior patterns needs to be performed to explain the reasons for this variation. 
Monthly average indoor temperature of air-conditioned room
Different occupant behavior, especially those associated with HVAC, can significantly affect indoor climate, which in turn will have an influence on occupant behavior, thereby causing dramatic differences in building energy consumption. Therefore, the effects of occupant behavior on building energy consumption should be understood and interpreted in conjunction with the investigation of indoor climate. Figures 10-13 show the monthly average living-room temperature of three typical buildings in each cluster: the reference building (RB) and buildings with the maximum and minimum annual EUI (Max and Min). These selected living rooms had air conditioners and/or heating equipment. As shown in Fig. 10 , there is a significant difference between living-room temperatures of the three buildings in the cooling season and a minor difference in other seasons. The living room of Max was maintained at a temperature of about 24 °C in the cooling season. At the same time, the room temperature of Min was around 5 °C higher than that of Max, and the room temperature of RB was generally between that of Max and Min in this season. Considering that Cluster 1 is characterized by the highest outdoor air temperature, it can be deduced that the frequency of utilization of room air conditioners in the cooling season in these three buildings can be ranked as: Max > RB > Min. With respect to the other three clusters, Fig. 11-13 shows that the living room of Max was maintained at a temperature of about 24 °C all year, while living-room temperatures of RH and Min varied with the outdoor air temperature. Clearly the frequency of utilization of space cooling/heating equipment in the three buildings in these three clusters has the same order as that in Cluster 1 in both heating and cooling seasons. These results suggest that occupant behavior that seeks thermal comfort normally results in high energy consumption. Therefore, there has to be a trade-off between human thermal comfort and building energy consumption, and it is necessary to strike a balance between achieving a high comfort level and reducing energy consumption through modifying occupant behavior. 
Summary and Conclusions
The main purpose of this paper includes the development of a novel data analysis methodology through clustering techniques for identifying the effects of occupant behavior on building energy consumption. It is realized by organizing similar buildings among all the investigated buildings into various groups based on the four influencing factors unrelated to user behavior, so that for each building in the same group the four factors have similar full effects on energy consumption. Min-max normalization techniques are performed as a data preprocessing step to deal with the inconsistencies of different attributes. Grey relational analysis is also carried out, and grey relational grades, a measure of relevancy between two factors, are used as weighted coefficients of attributes in cluster analysis.
In order to demonstrate its applicability, this methodology was applied to a group of residential buildings located in six different districts of Japan. Energy-related data of these buildings was measured, and a database was developed after scrutinizing the measured data. Twelve attributes were captured from the database to represent the influencing factors unrelated to occupant behavior. K-means method was selected in cluster analysis and four clusters were obtained as a result.
In these four clusters the effects of occupant behavior on building energy consumption were examined at the end-use level. End-use variations over time and buildings induced by occupant behavior were analyzed. Also, as a preliminary step toward identifying energy-saving potential, a reference building was defined as the building whose energy consumption was the closest to cluster energy consumption centroid in terms of Euclidean distance and end-use loads. Moreover, indoor climate was investigated to better understand and interpret the effects of occupant behavior.
This proposed method allows researchers to evaluate building energy-saving potential by improving user behavior, and provides multifaceted insights into building energy end-use patterns associated with occupant behavior. The results obtained could help prioritize efforts of modification of occupant behavior to reduce building energy consumption, and also could be used to improve modeling of user behavior in numerical simulation.
The main focus of future research should be placed on identifying appropriate building sample sizes and number of clusters, selecting typical attributes that can adequately represent the influencing factors unrelated to occupant behavior, since these measures will provide more precise effects of occupant behavior. In addition, more case studies in different sectors, such as commercial buildings and office buildings, should be conducted to further improve building energy performance and policy formulation.
